objective Public health interventions are often implemented at large scale, and their evaluation seems to be difficult because they are usually multiple and their pathways to effect are complex and subject to modification by contextual factors. We assessed whether controlling for rainfall-related variables altered estimates of the efficacy of a health programme in rural Rwanda and have a quantifiable effect on an intervention evaluation outcomes.
Introduction
Public health interventions designed to target specific populations are often limited to geographic areas for logistical or programmatic reasons. These regions may be subject to unique exogenous factors such as weather patterns, rainfall, local politics, or the presence of other targeted development programmes. To measure the effectiveness of a public health intervention, evaluators often compare health outcomes in the intervention area with a control area that does not receive the intervention. In many cases, evaluators also measure and control for other factors that may affect the intended outcome of a programme [1] [2] [3] . However, the potential effects of exogenous factors, such as weather, which vary by geographical region are often ignored during such evaluations [1] .
Careful consideration of contextual variables in effectiveness studies is essential to improve the reliability of the results [4] . If health outcomes in intervention areas are affected by local events that are not experienced in comparison regions, the impact of an intervention programme may be incorrectly estimated. In this paper, we address the question of whether rainfall or rainfall-related factors confounded the estimated effect of a public health intervention on child health-related outcomes [1] . Rainfall-related exogenous factors provide an interesting case study as these vary considerably by geographic area but are often ignored. See for example, the Centers for Diseases Control (CDC) framework for programme evaluation in public health which recommends that impact evaluations control for social factors that might affect health disparities; but this framework does not mention weather-related variables [5] .
Partners In Health (PIH) is a Harvard-affiliated international non-governmental organisation which, in partnership with the Government of Rwanda, has supported public health interventions in specific geographic regions of Rwanda. PIH began working in Rwanda in 2005 enhancing health systems and targeting vulnerable populations in Southern Kayonza District and the neighbouring Kirehe District [6] . These two sites were chosen at the request of the Rwanda Ministry of Health, which had identified the health systems in the region as weak and populations as particularly vulnerable. The intervention added staff recruitment, training, infrastructure development, and the establishment of an ambulance service to existing Ministry of Health activities to further strengthen health centres (HC) [7] . The nutrition services were enhanced by providing food to inpatients and to poor and vulnerable outpatients [7] . An HIV 'Accompagnateur' programme used community health workers to increase adherence to antiretroviral therapy by linking families of patients with HIV to primary care, employment training, group health education, nutrition support (food assistance and training on nutrition), housing and school fee support [6] . In addition, community-wide interventions included the establishment of water pumps near residential dwellings to improve sanitation.
We evaluated the collective effects of the PIHsupported interventions on key child health outcomes including acute respiratory infection (ARI), diarrhoea, fever, stunting, underweight and wasting by comparing changes in the intervention area between 2005 and 2010 to changes in other similar rural areas over the same time period. Our preliminary results showed that the point prevalence of ARI, diarrhoea, fever, stunting, underweight and wasting was reduced by an additional 12.6%, 6.2%, 12.4% 5.9%, 6.7% and 1.0%, respectively in the PIH-supported areas compared to other rural areas (unpublished results). In another analysis, we found that rainfall-related factors were also associated with these outcomes [8, 9] , and mechanisms for weather to impact these child health outcomes include crop production, water availability and quality, mosquito populations, bacteria and parasite growth, air quality and flooding [10] [11] [12] [13] . Finally, there is evidence that rainfall-related factors vary between PIH-supported areas and other areas of Rwanda (Figure 1 ). If rainfall is indeed associated with child health outcomes and it differs between the intervention and comparison areas, this exogenous factor could confound the impact evaluation results if it is controlled not for in the analysis. We explore this more in this study.
Methods

Study setting
Rwanda is a landlocked country in central-eastern Africa at two degrees south of the Equator. Rwanda has three distinct geographical regions with different weather: the northwestern region is composed of mountains and highlands; the central region has lower-elevation mountainous terrain; and the southeastern region is made up of flat lowlands interspersed with a few hills. The majority (87%) of Rwandans live in rural areas [14] . The PIH intervention was implemented in Kirehe and southern Kayonza (KSK) districts, which are contiguous areas in the southeastern region, one of Rwanda's poorest rural areas.
Rwanda has four seasons which vary by region: two rainy seasons (the long rainy season from March to May and the short rainy season from September to December) that alternate with one long (June, July and August) and one short dry season (January to February). The northwestern region has the most and the southeastern region the least rainfall throughout the year (Figure 1 ). Based on a literature review, we defined possible ways that rainfall could influence ARI, diarrhoea, or fever in the 2 weeks prior to the survey and/or child nutritional status (stunting, wasting, and underweight). We considered five rainfall variables which might affect these outcomes: total annual rainfall (the total rainfall for one year previous to the data collection), number of days with >2 mm rainfall in the month prior to the survey which can flag draught conditions [15, 16] abnormal soil moisture in the 3 months prior to the survey which could interrupt typical agricultural planning and production, total amount of run-off water in the month prior to the survey which can indicate saturated soil and/or flash flooding, and abnormal rainfall in the 6 months prior to the survey compared to the long-terms (30 years) average which could interrupt seasonal crop production ( Table 1) .
Study design and data sources
We calculated the rainfall variables specific to the survey dates and locations of each surveyed village in both the 2005 and 2010 DHSs based on data from three sources. First, we used daily rainfall measurements collected at 14 weather stations between January and December 2005, and January 2009 and December 2011 by the Meteorological Department in the Rwanda Ministry of Natural Resources; from these data, we calculated (a) the total annual rainfall and (b) the number of days with >2 mm rainfall. Weather station measurements were available as point data, and linked to the sampled village point locations based on the shortest straight-line distance. Second, we used US National Oceanic and Atmospheric Administration [17] global hydrological model estimates for 30-km 2 grid cells [18] [19] [20] to calculate (c) monthly soil moisture and (d) monthly run-off in sampled villages. Third, we compared decadal estimates of the 30-year (1971-2000) long-term average rainfall (estimated for 30-km 2 grid cells) by the Famine Early Warning Systems (FEWS) network [21] and actual weather station measurements to calculate abnormal 6-month rainfall. Estimates from the 30-year average rainfall, soil moisture and run-off water data sets were available as raster surfaces. We overlaid the village point locations on each raster to extract data values at those point locations.
Analysis
Key socio-economic and demographic characteristics of children in the intervention and comparison groups in 
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• Parents busy with farming activities.
• 2005 and 2010 we summarised. We compared children in the two groups for each year using Chi-squared tests at the a < 0.05 significance level, paying special attention to characteristics that were different at baseline to ensure that we controlled for these differences in the analyses. The distribution of rainfall by year and by intervention group was summarised using means and standards deviations. Next, we described the prevalence of child health outcomes (diarrhoea, ARI, fever, stunting, underweight and wasting) by rainfall variability in combined 2005-2010 data. Finally, to compare the changes in child health outcomes over time between the treatment group and the comparison group, we used difference-in-difference (DID) models with and without rainfall variables. In the first model, we estimated child health outcomes with primary predictors of intervention group, year and intervention group by year interaction, controlling for mother's age and household wealth index. We fit a second set of models that included everything in the first set of models and additionally included all five rainfall variables. Rainfall variables were considered to have confounded the relationship between the intervention group term and the child health outcome of interest if the estimated intervention effect changed by 10% or more. We considered the absolute effect of rainfall variables on the estimation of intervention effect when making recommendations, as very small effect sizes can experience large per cent change with inclusion of covariates.
The analysis was run in Stata v13 (StataCorpLP; 4905 Lakeway Drive, College Station, TX, USA), using survey commands to account for the complex sampling including probability weights, clustering and stratification. Maps of the distribution of rainfall-related factors were prepared in ArcGIS v10 ("ESRI, 380 New York Street, Redlands, CA USA"). 
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Results
Of the 7486 children included in the analysis, 451 (6%) were in the intervention group and 7036 (94%) in the comparison group. The two groups were similar at the 2005 baseline in terms of age group, sex, mother's age group, mother's highest level of education and type of household fuel used, but differed by household wealth index and rainfall pattern. In 2005, compared to other rural areas, the PIH intervention districts had a higher percentage of poor inhabitants than other rural areas (Table 2 ) and lower levels of annual rainfall, days with >2 mm rainfall, soil moisture, run-off water, and abnormal rainfall for 6 months (Table 3) .
In the univariate analysis between each rainfall variable and each outcome of interest, each additional mm increase in annual rainfall was associated with a reduced risk of ARI (P = 0.001), fever (P < 0.001), underweight (P = 0.006) and wasting (P < 0.001) and an increased risk of stunting (P = 0.036). Each additional day with >2 mm rain was associated with a reduced risk of ARI (P < 0.001), diarrhoea (P = 0.049), fever (P < 0.001), stunting (P = 0.037), underweight (P = 0.010) and wasting (P = 0.002). Abnormal 3-month soil moisture was associated with an increased risk of wasting (P = 0.024), while increased run-off water was associated with a decreased risk of wasting (P = 0.008) and an increased risk of fever (P < 0.001); and abnormal 6-month rain was associated with an increased risk of ARI (P < 0.001) and fever (P < 0.001) ( Table 4) . Table 5 shows that the analysis which did not adjust for rainfall variables underestimated the intervention effect on ARI by 14.3%, fever by 52.4% and stunting by 10.2%. Conversely, the unadjusted analysis overestimated the intervention's effect on diarrhoea by 56.5% and wasting by 80.0% (Table 5 ). Rainfall variables did not change the estimated effect of the intervention on the prevalence of underweight children.
Discussion
In this paper, we evaluated whether rainfall-related factors had a quantifiable effect on the results of a study designed to measure the impact of a regional large-scale health intervention carried out in rural Rwanda. That original study used difference-in-differences to compare 5-year changes in a series of child health outputs and outcomes in the intervention area to those in other rural areas in Rwanda. When we adjusted the estimates of programme effects by controlling for a variety of rainfall variables that varied by geographical area, we found that several estimates changed by 10% or more; analyses that did not control for rainfall-related variables underestimated the effect of the intervention on ARI, fever and stunting but overestimated its effect on diarrhoea and wasting. We thus demonstrate that ignoring contextual factors in programme evaluation can produce bias in the results.
Although randomized controlled trials (RCTs) are often considered the gold standard study design to evaluate the clinical efficacy of specific medical interventions, the complexity and broad scope of large-scale health programmes make them difficult to evaluate with this approach [1, 22] . Large-scale health programmes are often implemented at a district or regional level, so that the unit of randomization is not the individual, but rather a geographically circumscribed area. While the randomization of an intervention to a large number of individuals in an RCT is meant to ensure that confounders are evenly distributed between the groups receiving and not receiving a treatment, it is often not possible to ensure that the many individual, environmental and population variables that could affect health outcomes are balanced across geographical areas. Given these limitations, clustered RCTs are often replaced by quasi-experimental designs which compare outcomes between different districts or regions, depending on the scale at which the intervention was assigned [1, 22, 23] . However, when one compares different regions, contextual factors such as weather, geography, environmental conditions, political climate and economic levels may differ profoundly between an intervention and control area. These factors can not only affect the implementation of the programme, but can also have independent, direct impacts on the health outcomes that are targeted by the intervention [24, 25] . Methodologists have suggested that contextual factors should therefore be considered as possible confounders in the evaluation of any area-specific programme and appropriately adjusted for when estimating programme effectiveness [26] . Although many such contextual factors may vary across geographical regions, we chose to examine the impact of rainfall which is well known to affect the incidence of some common infectious diseases [9, 22, [27] [28] [29] and to vary in intensity and duration in different regions over time. Rainfall is unlike political or cultural factors that may affect the health of an area in that it is consistently and relatively accurately measured, and that rainfall patterns are extremely unlikely to vary based on the intervention and so are unlikely to be an intermediate on the causal pathway between the intervention and the outcome. We assigned rainfall variables to the surveyed participants based on the area in which they reside and the date on which they were interviewed; because the survey was carried out over a period of months, we were able to capture substantial variability in rainfall even within the individual districts. Nonetheless, because the survey was conducted during months that are usually 'dry', the variability of rainfall in this sample was less than the typical variability in a year and therefore controlling for rainfallrelated factors for studies with data collection over a longer period, across dry and wet seasons, may have a more pronounced effect on outcomes.
Although the impact of adjusting for rainfall was relatively modest, changing the magnitude but not the direction of the effect, our finding that analyses which fail to control for rainfall variables could be biased raises the question of how much error is introduced into programme evaluations by contextual factors that vary with geography. Rainfall is only one of a multitude of measurable environmental factors that might be included in such evaluation and it is difficult to predict how much effectiveness estimates would vary if more environmental factors were included in the analysis as confounders. An even more difficult question to parse is that of the nonenvironmental contextual factors that affect health in any particular district; these could range from major political or natural upheavals-like conflict, epidemics or earthquakes to more subtle issues like the degree of district-level political engagement in health systems strengthening.
In this analysis, we only assessed the effect of rainfallrelated variables as our main confounding variables and did not consider other contextual factors. As the interviews took place mainly during the dry season, we do not have as much variability in rainfall-related patterns as would normally occur in the year. Finally, the granularity of the rainfall data is a limitation in our study. The long-term rainfall measurements were based on 30-km 2 grid cells and daily rainfall measurements on the nearest weather station; therefore, the rainfall measurements assigned to specific households may be different from the actual values.
Conclusion
This evaluation of a PIH-supported intervention using a quasi-experimental design confirmed that rainfall-related patterns have a quantifiable effect on programme evaluation results and reinforces the importance and complexity of controlling for contextual factors in such evaluations. How to systematically collect information on these contextual factors and appropriate methods to control for these factors must be further explored to improve the validity of programme evaluation results using quasiexperimental designs.
